Introduction
Cutting force, tool wear and temperature rise during machining are some of the key considerations for both the designer, manufacturer of machine tools, and to the end user as well. [1, 2] . Manufacturing industries continuously focus on low cost machining solutions with reduced lead time and good surface quality in order to maintain their competitive edge and efficiency [3] . Recent developments in cutting tool grades are intended to permit multipurpose use both in machining and finishing operations and for a wide range of materials [4] . Advancements in coating technologies have produced wide range of tools which have a special wear resistant coating. Coated tools used for metal cutting possess a combination of abrasive wear resistance and chemical stability at high temperature to meet the demands of the application [5] [6] [7] .
Product quality is a well-known vital factor that has a direct bearing on customer satisfaction. In any industrial sector, be it a small-scale industry or a large industrial sector, surface quality is determined by surface roughness of the product [8] . Measuring and characterizing the surface finish are the two main indicators of machining performance. Since the newer materials are being developed and introduced rapidly in the manufacturing industry, it is very difficult for an operator to select optimum cutting parameters to achieve best surface finish [9, 10] . The cost of machining accounts for a major part of the total value of products in any manufacturing industry and plays a central role in modern manufacturing. Modeling with the help of experimental results forms an integral part in the investigation of the complicated dynamic mechanisms of machining operations. Various approaches have been proposed to model and to simulate the machining processes [11] . Optimization of cutting parameters is necessary for the achievement of minimal surface roughness. The Taguchi method of experimental design is one of the widely accepted techniques for off line quality assurance of products [12, 13] . This method is a traditional approach for robust experimental design that seeks to obtain the best combination of parameters and their levels with the lowest cost to meet customer requirements [14] . Cutting fluids decrease friction between the cutting tool and the work piece material, preventing surface roughness. The conventional cutting fluids utilized in machining are considered as a problem for manufacturers. Environmental concerns have become increasingly important to production processes [15] . Dry machining and minimum quantity lubricant machining have become the focus of attention of researches and technicians in the field of machining as an alternative to conventional fluids [16, 17] . Optimization of machining parameters not only improves machining economics, but also the quality to a greater extent. Developments in modeling surface roughness and optimization of controlling parameters to obtain a surface finish of desired level is possible through proper selection of cutting parameters which produce better performance [18] [19] [20] . Influence of built up edge on process forces, surface quality and minimum chip thickness during machining of titanium alloys, reveals that the good surface integrity in terms of favorable stress and surface roughness were achieved in machining of titanium alloys [23] [24] [25] .
The literature survey reveals that the machining of titanium alloy has not been attempted by many researchers. In the present investigation, an attempt has been made to optimize surface finish and material removal rate on machining Titanium alloy (Ti 6Al 4V) with ceramic coated cutting tool insert. Taguchi parameter design approach and ANN technique has been employed to accomplish the objectives.
Experimental details
Based on a number of research works published in the past, three cutting parameters viz., cutting speed, feed rate and depth of cut were selected for the experimental work.
Machine, material and tool insert
The turning operation was conducted using CNCSuper Jobber 500 LM Industrial type of production lathe machine with a range of spindle speed 30 rpm to 3000 rpm and a 10 kW motor drive. The material used was Ti-6Al-4V titanium alloy round bar of 30 mm diameter and 100 mm long. The specimens were turned, centered and cleaned by removing the skin for 1mm depth, prior to the actual machining. The cutting tool insert used for this study was ceramic coated. Fig. 1 shows the sample of Ti6Al-4V materials, and Fig. 2 shows the microstructure of the Ti-6Al-4V material. Chemical composition of Titanium alloy (Ti 6Al 4V) is given in Table 1 . Fig. 1 Ti-6Al-4V The roughness readings were recorded at three locations on the work piece and the average value was used for analysis. The Material Removal Rate (MRR) was calculated using:
where: Wi is Initial weight of work piece in grams; Wf is= Final weight of work piece in grams; t is Machining time in seconds; ρs is Density of titanium alloy 4.5 g/cm 3 .
Taguchi orthogonal array
The Taguchi method is a powerful tool in quality optimization. Optimization is carried out to utilize the available resources effectively to achieve better results. The orthogonal array of twenty seven experiments in a particular order covers all factors. In this method, selected parameters are assumed to have influence on process results, which are located at different rows in a designed orthogonal array [18] . With such an arrangement completely randomized experiments can be conducted. This method is useful for studying the interactions between the parameters, and also it is a powerful design of experiments tool, which provides a simple, efficient and systematic approach to determine optimal cutting parameters [16] . Compared to the conventional approach of experimentation, this method reduces significantly the number of experiments that are required to model the response functions. Hence the optimality is achieved. The three machining parameters were selected as control factors, and each parameter was designed to have three levels as shown in Table 2 .
The turning tests were conducted to determine the surface roughness and material removal rate under various sets of turning parameters. Roughness is measured using Mitutoyo Surface roughness tester. The different combinations of speed, feed rate and depth of cut based on which the experiments are conducted is presented in Table 3 . Table 3 Experimental results for surface roughness and material removal rate 
Results and discussion

Optimal setting of machining parameters
In turning operation the surface roughness and MRR are considered important from quality standpoint and economy of machining. After recording the observations, the mean values are calculated and various graphical analyses are done by using Minitab 16 software. The measured response value along with design matrix is furnished in Table 4 .
Taguchi method stresses the importance of studying the response variation using the signal-to-noise ratio, resulting in minimization of quality characteristics variation due to uncontrollable parameter. The roughness was considered as the quality characteristics with the concept of "smaller-the-better". From the response tale of surface roughness, it is found that feed rate is the predominant factor in affecting the roughness value followed by speed and depth of cut. 
Analysis of variance
ANOVA is a statistical tool used to analyse the test for significance individual model coefficients, test for lack of fit. In performing ANOVA, it is essential to identify the dependent and the independent variables. Dependent variables reflect the outcome of the process, and independent variables reflect the factors that influence the dependent variables. Dependent and independent variables are related to each other. For analysing the effect of categorical factors on a response, ANOVA is a useful technique. The response table for MRR shows that the speed is the predominant factor in affecting material removal rate followed by feed rate and depth of cut. The adequacy of the developed model was evaluated using the analysis of variance. It consists essentially of partitioning the total variation in an experiment into components ascribable to the controlled factors and errors. Table 5 and Table 7 represent the results of ANOVA for the responses of surface roughness and material removal rate. The best levels of various parameters are identified by calculating the average values of minimum surface roughness and maximum MRR are tabulated in Table 6 and Table 8 respectively. In the ANOVA table, the sum of squares is used to estimate the square of deviation from the grand mean. The F-ratio is an index used to check the adequacy of the model in which the calculated value of F should be greater than the F-table value. The model is adequate at 95% confidence level.
The main effect plot for Ra and MRR were represented in Fig. 4 and Fig. 6 . To summarize the responses, the plots of various interactions with control factors are carried out. The residual plot for means of surface roughness and the residual plot for means of MRR are presented in Fig. 3 and Fig. 5 respectively. The best parameters for surface roughness has been plotted in Fig. 4 as speed 2000 rpm, feed 0.10 mm/rev and depth of cut 0.50 mm. The multi-layer feed forward ANN is employed in this study which consist of simple processing elements called neurons divided into input layer, output layer and hidden layers. The neurons between the layers are connected by the weight of links. Each neuron has inputs and generates an output as the reflection of local information stored in connections. The output of each neuron is determined by the level of the input signals in relation to the threshold value. These signals are modified by the connection weights between the neurons [21] [22] . A Schematic representation of the basic structure of the multi-layered feed forward ANN Architecture is shown in Fig. 7 Fig . 7 Multi-layered feed forward ANN architecture
Training and testing of Artificial Neural Network
The training of the ANN with error BB Training algorithm for 27 input-output patterns has been performed using NN toolbox in MATLAB. In the current study, multi-layer feed forward ANN three neurons in the input layers and one hidden layer with ten neurons were considered to estimate surface roughness and Material removal rate of turning process. The network configuration of 3x10x2 was constituted, and it was saved during the determination of training parameters. The ANN training simulation was carried out using the variable learning rate training procedure of the mat lab NN toolbox. The network used in the program is a feed forward network with back propagation learning rule. Training begins with all weights set to random numbers. For each data record, the predicted value is compared to the desired (actual) value and the weights are adjusted to move the prediction closer to the desired value. Numerous trials were made through the entire set of training data with the weights being continually adjusted to produce accurate predictions. The Experimental roughness value along with Artificial Neural Network prediction values are tabulated in Table 9 . The results of the comparison between the experimental surface roughness (Ra) and material removal rate (MRR) with ANN predicted values are presented in Fig.8 and Fig. 9 . Thus, measurement shows that the experimental values and predicted values are comparable. Fig. 9 Experimental value of MRR Vs ANN predicted value of MRR
Conclusion
The suitability of the ceramic coated insert for machining Ti-6Al-4V alloy was investigated in this study. The surface roughness and MRR after the turning operation were recoded and compared with predicted values using DOE and ANN. The following results can be concluded from the present study.
1. The experiments were conducted by varying the cutting speed, feed rate and depth of cut and the resulting surface roughness and material removal rate was measured for different cutting conditions. The optimum parameter setting for minimization of roughness and maximization of material removal rate was arrived.
2. For surface roughness, the optimal parametric combination is S3F1D1 i.e., surface roughness is minimum at the parametric combination of 2000 rpm Speed, 0.1 mm/rev Feed and 0.50 mm depth of cut.
3. For material removal rate, the optimal parametric combination is S3F3D3 i.e., material removal rate is maximum at the parametric combination of 2000 rpm Speed, 0.20 mm/rev Feed and 1 mm depth of cut.
4. The modelling performance of the neural network has been evaluated. The results clearly show that there are highly linear relationships between surface roughness and MRR with the cutting parameters. This situation validates the employing of ANN to develop a model for surface roughness and MRR prediction. The ANN model show very good closeness between estimated and measured values.
5. The order of the importance of influential factors based on the Taguchi response is sequenced as feed rate, cutting speed and depth of cut.
6. The adequacy of the developed model is evaluated by using ANOVA with 95% confidence level, and hence the results are quite adequate.
7. The verification test results reveal that the determined combination of the machining parameters satisfies the real requirement of the turning operation in machining of titanium alloy.
